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Abstract –Novel data has been leveraged to estimate socioeconomic status in a timely manner,
however, direct comparison on the use of social relations and talent movements remains rare. In
this letter, we estimate the regional economic status based on the structural features of the two
networks. One is the online information flow network built on the following relations on social
media, and the other is the offline talent mobility network built on the anonymized resume data
of job seekers with higher education. We find that while the structural features of both networks
are relevant to economic status, the talent mobility network in a relatively smaller size exhibits a
stronger predictive power for the gross domestic product (GDP). In particular, a composite index
of structural features can explain up to about 84% of the variance in GDP. The result suggests
future socioeconomic studies to pay more attention to the cost-effective talent mobility data.
Introduction. – Timely estimation of social and eco-
nomic status has important implications for addressing
many development-related issues [1–4], such as developing
policies to reduce poverty [5], forecasting unemployment
rate [6, 7], and optimizing strategies for economic diversi-
fication [8, 9]. Traditional socioeconomic status inference,
however, usually follows a long-time delay due to the large
consumption of resources in data collection. Thanks to the
technological development, novel data sources are now in-
creasingly available for estimating socioeconomic status
[10,11]. For example, Elvidge et al. [12] produced a global
poverty map based on the brightness of night-time lights.
Gao and Zhou [13] quantified regional economic complex-
ity by analyzing firm data. Dong et al. [14] measured
economic activity through mining mobile phone records.
Liu et al. [15] inferred city-level economic status from on-
line activities. Blumenstock et al. [16] predicted district-
level wealth distribution based on mobile phone usages.
Sobolevsky et al. [17] estimated individual socioeconomic
status by analyzing bank card transactions. More related
works are summarized in recent reviews [2, 18].
Among these works, two streams of literature are of par-
(a)E-mail: gaojian08@hotmail.com
ticular interest. One stream focuses on relations between
social network structure and economic status [4, 19]. For
example, Eagle et al. [20] uncovered a strong correlation
between social network diversity and socioeconomic indi-
cators, Mao et al. [21] found that the ratio of in-going and
out-going calls can predict a region’s income level, and
Holzbauer et al. [22] showed that cross-state long ties on
social media are strongly correlated with GDP in the US.
Recently, Jahani et al. [23] uncovered a strong correlation
between ego-network structural diversity and individual
income, and Luo et al. [24] found that individuals’ in-
fluence in social network is predictive to their economic
status. The other stream links human mobility pattern to
socioeconomic status and outcomes [25, 27]. Individuals
with different socioeconomic status have distinct mobility
patterns [26,28], and the movement of talents is critical to
economic development [29]. For example, Frias-Martinez
et al. [30] showed the predictive power of mobility patterns
to socioeconomic status, Pappalardo et al. [31] found that
movement diversity can well predict socioeconomic indi-
cators, and Florez et al. [32] demonstrated that a group’s
income increases with the diversity of commuting trips.
Most of previous works focus on either social network
structures or human behavioral patterns [33]. Yet, the di-
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rect comparison between the predictive power of online so-
cial network structure and offline human mobility pattern
to regional and individual socioeconomic status remain in-
sufficient. One challenge that hinder studies towards this
direction is the lack of large-scale and high-resolution on-
line information and offline mobility data. Recently, the
increasing availability of large-scale social and economic
data with high spatial and temporal resolutions, such as
mobile phone records [14], behavioral data [34], web-based
ratings [35], public profiles [36], has made it possible to es-
timate socioeconomic status in a timely manner and with
a relatively low cost [2, 9]. This provides us a chance to
compare the capability of information flow and talent mo-
bility on speculating economic status.
In this letter, we infer regional economic status from the
following relations on social media and the talent move-
ments recorded by anonymized resume data. We first
build two directed and weighted networks, named online
information flow network and offline talent mobility net-
work. Then, we calculate several network structural fea-
tures and link them to GDP. Results show that some fea-
tures exhibit strong correlations with GDP such as the
loops and outgoing spatial diversity of the information
flow network and the out-strength and ingoing topological
diversity of the information flow network. Overall, the tal-
ent mobility network features perform better in predicting
economic status. After performing regression analysis for
robustness checks, we further construct a composite index
of both network structural features, which can explain up
to about 84% of the variance in GDP.
Data and methods. – In this section, we first intro-
duce two large-scale online-crawled datasets for network
construction, then present some measures to quantify net-
work structures, and lastly introduce the methods applied
for correlation and regression analyses.
Data description. The online information flow (OIF)
network is built based on the public profiles and follow-
ing relations among about 433 millon users of the China’s
social network Weibo, which provides similar functions to
Twitter. Specifically, from profiles we extract users’ loca-
tions covering 336 prefecture-level cities aggregated into 31
provinces (see Ref. [15] for details). Then, based on users’
following relations we build the OIF network GI among
regions (cities or provinces dependent on the resolution)
and represent it by a weighted adjacent matrix AI , whose
element aIi,j is the volume of information from region i to
j, which is roughly estimated by the number of followings
from region j to i. As users within the same region can
follow each other, GI contains loops, i.e., aIi,i 6= 0 in A
I .
Fig. 1A presents the visualization of the provincial-level
OIF network and Table 1 summarizes basic statistics.
The offline talent mobility (OTM) network is built based
on the self-reported resume data of about 142 thousand
anonymized Chinese job seekers with higher education (see
Ref. [36] for details). Specifically, we roughly estimate the
flow of talents among regions based on the movements of
Table 1: Statistics of the online information flow (OIF) and
the offline talent mobility (OTM) networks. The average link
weight is calculated by 〈a〉 =
∑
i,j ai,j/
∑
i,j δi,j , where δi,j = 1
if there is a link from node i to j, and δi,j = 0 if otherwise.
Network Resolution # Regions # Links 〈a〉
OIF
Province 31 961 1.277 × 107
City 336 112,896 1.087 × 105
OTM
Province 31 818 347.7
City 287 9,746 29.18
job seekers from birth city to living city in career devel-
opment and from living city to expected city in job hunt-
ing. The resume data covers 287 prefecture-level cities
aggregated into 31 provinces. Notice that, some cities are
isolated due to sparsity, and only cities remaining in the
giant connected network are counted. The directed and
weighted OTM network GT can also be represented by a
weighted adjacent matrix AT , whose element aTi,j is the
number of talents moved from region i to j. Similarly,
GT contains loops. Fig. 1D visualizes the provincial-level
OTM network and Table 1 summarizes basic statistics.
Some macro economic data at the province and city lev-
els are collected respectively from the official books enti-
tled “China Statistical Yearbook (2017)” and “China City
Statistical Yearbook (2017)” released by the National Bu-
reau of Statistics of China. Due to the time-consuming
statistics, these books provide data with one year-lag,
namely, for the year 2016. We have successfully collected
GDP of 31 provinces and 290 prefecture-level cities while
failed for the rest 46 cities due to the missing data. The
unit of GDP data is 10,000 RMB (about 1,500 USD).
Structural features. Considering a network G with
a weighted adjacency matrix A, we first calculate three
direct structural features, namely, Sout, Sin, and Sloop
[37]. Specifically, for a region i, Sout(i) =
∑
j ai,j sums
the weights of outgoing links, Sin(i) =
∑
j aj,i sums the
weights of ingoing links, and Sloop(i) = ai,i is the weight
of the self-loop link. Then, we calculate three relative
structural features, namely, Rio, Rlo and Rli. Specifi-
cally, Rio(i) = Sin(i)/Sout(i) measures the rates of lo-
cal information/talent retention. Rlo(i) = Sloop(i)/Sout(i)
measures information/talent drain, where Rlo = 0 and
Rlo = 1 mean all information/talents are drained and
kept, respectively. Rli(i) = Sloop(i)/Sin(i) measures in-
formation/talent gain, where Rli = 0 means new infor-
mation/talents are gained and Rli = 1 means previous
information/talents are kept.
Moreover, we quantify diversity by calculating four net-
work structural features: two topological diversity mea-
sures (Hout and Hin) and two spatial diversity measures
(Dout andDin) [20]. Specifically, the ingoing and outgoing
topological diversity of a region is defined by the Shannon
entropy associated with the information/talent flow into
and out of the region, respectively. Formally, the outgoing
p-2
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Fig. 1: (Color online) Relations between network structural features and economic status. Nodes represent provinces with size
showing their GDP in natural logarithmic form. (A) presents the online information flow (OIF) network with link weight being
the number of followings. (B) and (C) present the relations regarding OIF at the province and city level, respectively. (D)
presents the offline talent mobility (OTM) network with link weight being the number of moved talents. (E) and (F) present
the relations regarding OTM at the province and city levels, respectively. The Pearson correlation coefficient r is also presented.
topological diversity Hout(i) for region i is given by
Hout(i) = −
∑
j 6=i
pi,j log(pi,j), (1)
where pi,j = ai,j/
∑
j ai,j . The ingoing spatial diversity
Dout(i) for region i is calculated by normalizing Hout(i)
using the number of involved regions. Mathematically,
Dout(i) =
Hout(i)
log(kout(i))
, (2)
where kout(i) is the out-degree of region i. Analogously,
the ingoing topological diversity Hin(i) for region i is de-
fined in the similar manner, by
Hin(i) = −
∑
j 6=i
pj,i log(pj,i), (3)
where pj,i = aj,i/
∑
j aj,i. The ingoing spatial diversity
Din(i) for region i is calculated by normalizing Hin(i) us-
ing the number of involved regions, as
Din(i) =
Hin(i)
log(kin(i))
, (4)
where kin(i) is the in-degree of region i.
Analytical methods. To exploit the relations between
structural features and GDP, we perform both correlation
analysis and regression analysis. The Pearson correlation
coefficient r is used to quantify the linear correlation be-
tween two variables. The value r is in the range [−1, 1],
from negative to positive correlation. The ordinary least
squares (OLS) model is employed to regress GDP against
structural features. The estimated equation is given by
log(GDP ) = β0 + β1Sout + β2Sin + β3Rio
+ β4Sloop + β5Rlo + β6Rli + β7Hout
+ β8Hin + β9Dout + β10Din + ε,
(5)
where the structural variables are in the logarithmic form
expect for the diversity measures, {β0, β1, · · · , β10} are re-
gression coefficients of variables, and ε is the error term.
Results. – In this section, we first analyze correla-
tions between simple structural features and GDP, then
summarize correlations between diversity-related features
and GDP, and finally perform some robustness checks us-
ing regression models, based on which a composite index
is further constructed to explore the prediction accuracy.
Correlation between simple features and GDP. The
visualizations of province-level online information flow
(OIF) and offline talent mobility (OTM) networks are pre-
sented in Fig. 1A and 1D, in which the direct link weights
are the numbers of followings and talents from origin to
target provinces, respectively. For OIF, Fig. 1B and 1C
(Left) present the relations between Sout and Sin at the
province and city levels, respectively. We find that Sout
and Sin are perfectly correlated with each other, as sug-
gested by r ≈ 0.99 at both resolutions. In contrast, as
shown in Fig. 1E and 1F (Left), the correlations between
Sout and Sin for OTM are relatively weaker, suggesting
the unbalance of talent flows into and out of regions.
The volume of information and talent flows can be rel-
evant to a region’s economic status. For OIF, Fig. 1B
and 1C (Middle) present the relations between Sin and
GDP at the province and city levels, respectively. We no-
tice that Sin exhibits a high correlation (r ≈ 0.86) with
GDP. Fig. 1E and 1F (Middle) present the similar trend
for OTM, while the correlations (r ≈ 0.89) are stronger
at both resolutions. The ratio of ingoing and outgoing
flows can also be linked to economic status. For OIF,
Fig. 1B and 1C (Right) present the relations between Rio
and GDP, where we find negative correlations (r ≈ −0.78)
at both resolutions. This suggests that developed regions
spread information better. As presented by Fig. 1E and
1F (Right) for OTM, however, we find a positive correla-
tion (r ≈ 0.66) only at the province level.
These results suggest that attractiveness for talents
in fine-grained regions reflects economic status better.
This observation may be originated from the inequality
of regional economic development. For instance, China
faces seriously unbalanced regional economic development,
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Fig. 2: Relations between network loops and economic status.
(A) and (B) present relations between loops and strengths of
the online information flow (OIF) network at the province and
city levels, respectively. Analogously, (E) and (F) present re-
lations for the offline talent mobility (OTM) network. (C) and
(D) present relations between loop-related measures of OIF
and GDP at the province and city levels, respectively. Anal-
ogously, (G) and (H) present relations for OTM. The Pearson
correlation coefficient r is also presented.
where more developed cities usually have talent gain, while
less developed cities may have talent drain. This unbal-
anced talent mobility and economic development at the
city level may result in the positive correlations. How-
ever, such correlation can be diminished at the aggregated
province level as a province can have multiple cities with
different social and economic status, and talents can move
among cities located in the same province.
The strength of loops (Sloops) in the OIF and OTM net-
works suggest the retention of local information and tal-
ents, respectively. For OIF, Fig. 2A and 2B present how
Sloops is related to Sout (Left) and Sin (Right) at province
and city levels, respectively. Similarly, Fig. 2E and 2F
present the relations for OTM. Overall, we find that loops
are perfectly correlated (r ≈ 0.99) with strengths. Fur-
ther, we explore how information and talent retentions are
linked to economic status by calculating correlations be-
tween GDP and three loop-related features, namely, Sloop,
Rlo, and Rli. For OIF, we find from Fig. 2C and 2D that
GDP is positively correlated with all the three features,
and Sloop exhibits the strongest correlation (r ≈ 0.91)
at the province level. Similar results hold for OTM as
shown in Fig. 2G and 2H, and Sloops has a high corre-
lation (r ≈ 0.90) with GDP at both resolutions. These
results suggest the predictive power of local information
and talent retentions for regional economic status.
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Fig. 3: Relations between diversity-related features and eco-
nomic status. (A) and (B) present how GDP is related to Dout
and Din of the online information flow (OIF) network, respec-
tively. Analogously, (C) and (D) present relations for the offline
talent mobility (OTM) network. (E) and (F) present how GDP
is related to Hout and Hin of OTM, respectively. Lines present
the linear fits, and r is the Pearson correlation coefficient.
Correlation between diversity features and GDP. We
explore relations between GDP and two diversity-related
features, namely, spatial diversity (D) and topological di-
versity (H). For OIF, Fig. 3A and 3B present how GDP
is related to the outgoing (Dout) and ingoing (Din) spa-
tial diversities, respectively. We observe strong negative
correlations for both cases, specifically, r = −0.472 for
Dout and r = −0.650 for Din. As shown in Fig. 3C and
3D, while similar observations hold for OTM, the corre-
lations (r ≈ −0.66) are stronger. In particular, we notice
that Din has a stronger correlation with GDP for both
networks. Previous study based on the UK communica-
tions showed that social network spatial diversity is pos-
itively correlated with community-level development [20],
however, our results based on both the OIT and OTM
networks in China suggest spatial diversities as negative
predictors of regional economic status.
The topological diversity is equal to the spatial diversity
for OIF as it is fully connected. Thereby, only for OTM
we present how GDP is related to topological diversities
Hout and Hin in Fig. 3E and 3F, respectively. We find
that the correlation r = 0.805 between Hin and GDP is
significantly larger than the correlation r = 0.309 between
Hout and GDP, showing thatHin is a more relevant feature
to economic status. In summary, we find that D and H of
OIF and D of OTM are negative predictors of GDP, while
H of OTM is positively correlated with GDP.
Regression analysis and composite index. The Pear-
son correlations between structural features and economic
development (GDP) are summarized in Fig. 4. As shown
in Fig. 4A for OIF, simple structural features except
Rio have strongly positive correlations with GDP, while
diversity-related features exhibit strongly negative corre-
lations. Moreover, network structural features are more
p-4
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Fig. 4: (Color online) Pearson correlations between structural
features and GDP. (A) and (B) present correlations between
GDP and structural features of the online information flow
network and the offline talent mobility network, respectively.
relevant to economic status at the province level than at
the city level. In particular, the most relevant features
are loops and diversities at the province level as well as
strengths and loops at the city level. As presented in
Fig. 4B for OTM, the most relevant features are Sout, Sin
and Sloop at both the province and city levels.
We further perform some robustness checks by employ-
ing the ordinary least squares (OLS) model to regress GDP
against structural features at the city level. Table 2 sum-
maries the regression results. As shown in columns (1) and
(2), the model including the OIF and the OTM network
structural features can explain up to 76.2% and 80.2% of
the variance in GDP, respectively. In particular, we no-
tice thatDout andDin of OIF are respectively significantly
positive and negative predictors of GDP, while only Hout
of OTM is a positive predictor of GDP. Including both
network structural features in column (3), where column
(3-1) and column (3-2) correspond respectively to OIF and
OTM, the variance in GDP can be explained by up to
83.2%. We additionally find that loops are the features
that can best explain the variance in GDP with the ad-
justed R2 = 74.3% for OIF and R2 = 79.8% for OTM.
These results confirm that the OTM network structural
features are more predictive to regional economic devel-
opment.
Based on the regression analysis, we construct a com-
posite index of network structural features for the best
prediction of regional economic status. Specifically, the
composite index is calculated through weighting struc-
tural features by their regression coefficients. Formally,
the composite index CI(i) for region i is given by
CI(i) =
10∑
j=1
βIjM
I
j,i +
10∑
j=1
βTj M
T
j,i. (6)
M = {~Sout, ~Sin, ~Rio, ~Sloop, ~Rlo, ~Rli, ~Dout, ~Din, ~Hout, ~Hin}
is the ten vectors of network structural features, and
~β = {β1, · · · , β10} is the vector of corresponding regres-
sion coefficients as shown in Table 2. Specifically, M I and
βI are for OIF, and MT and βT are for OTM. All net-
work structural features are standardized by the z-score
[38] before constructing the composite index.
Table 2: The predictive power of network structural features
for economic development. The OLS model is used to regress
log(GDP ) against network structural features. All variables
are standardized by the z-score before being included. The
symbol “−−” marks omitted variables due to high collinear-
ity that are automatically identified by the regression model.
Significant level: ∗p < 0.1, ∗∗p < 0.05, and ∗∗∗p < 0.01.
Variables
OLS Model
(1) (2) (3-1) (3-2)
Sout 0.823∗∗∗ 0.587∗∗∗ −− 0.266∗∗∗
Sin −− −− 0.363∗∗∗ −−
Rio 0.217
∗∗ 0.300∗∗∗ 0.051 0.128∗∗
Sloop −− −− −− −−
Rlo 0.216
∗∗∗
−− 0.087∗ −−
Rli −− 0.041 −− 0.059
∗∗
Dout 0.208∗∗∗ −0.010 0.203∗∗∗ −0.096
Din −0.291∗∗∗ 0.013 −0.192∗∗∗ 0.010
Hout −− 0.067∗∗ −− 0.016
Hin −− 0.103 −− 0.120∗
Obs. 290 280 280
Adj. R2 0.762 0.802 0.832
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Fig. 5: Predictive power of the composite index for economic
development. (A) and (B) present how GDP is related to the
composite index of online information flow and offline talent
mobility network structural features. (C) presents the relation
between GDP and the composite index of both networks. The
Pearson correlation coefficient r is presented. Line is the linear
fit, and the adjusted R2 shows its explanatory power.
The correlations between the composite index and nor-
malized GDP at the city level are presented in Fig. 5A and
5B for OIF and OTM, respectively. For both networks, we
find that GDP is strongly and positively correlated with
the composite index. In particular, the composite index
of OTM exhibits a slightly larger correlation (r = 0.898)
with GDP than the one of OIF (r = 0.875). The compos-
ite index of OIF and OTM can explain 76.5% and 80.6%
of the variance in GDP, respectively. These observations
suggest strong predictive powers of information and tal-
ent flows for regional economic development. Further, we
construct a composite index using the structural features
of both networks. As shown in Fig. 5C, the composite in-
dex has the largest correlation (r = 0.916) with GDP, and
it can explain up to 83.8% the variance in GDP. The re-
sult shows that combining network features of information
flow and talent mobility can enhance the performance of
economic status inference.
p-5
J. Wang et al.
Conclusion and discussions. – In summary, we
have explored the inference of regional economic status
from the online information flow network and the offline
talent mobility network. The former was built on the
following relations among about 433 million social media
users, and the latter was built on the self-reported resume
data of over 142 thousand job seekers with higher educa-
tion. After performing the correlation analysis, we found
that strengths of both networks have strongly positive cor-
relations with GDP, and the loop-related network features
are the most relevant. Moreover, we uncovered the neg-
ative correlations between GDP and the spatial diversi-
ties for both networks, while the topological diversities of
the talent mobility network are positively correlated with
GDP. Interestingly, we found that the talent mobility net-
work features exhibit a stronger predictive power for GDP
although it covers only about 1/3000 people in comparison
with the information flow network. This suggests a more
cost-effective way to infer economic status by leveraging
some relative small-scale offline talent mobility data
The correlations between GDP and the information flow
network structural features diminish at the fine-grained
resolution. In particular, we observed negative correla-
tions between spatial diversities and GDP, which is differ-
ent from the previous finding [20]. Whether this inconsis-
tency is originated from the inequality and complexity of
China’s regional development [13] remains an open issue.
Through the regression analysis, we found that the signif-
icant predictors of GDP are out-strength, ratios of loops
and spatial diversities of the information flow network as
well as the out-strength, loops and outgoing topological
diversities of the talent mobility network. Based on the re-
gression results, we further constructed a composite index
of both network structural features that can explain up to
about 84% of the variance in GDP. The result suggests a
way of improving economic status inference through com-
bining different network information.
The presented results should be interpreted in the light
of some limitations on the data and analytical methods,
which ask for further explorations. The estimation of in-
formation flow was solely based on social media, where
taking into account other information exchange chan-
nels such as online chats [39] and mobile communications
[40, 41] would help. The resume data covers a relatively
small sample, where adding other large-scale data from hu-
man resource services [36], academic publishers [42] and
formal talent markets [43] will be an improvement. Re-
cent available large-scale and high spatio-temporal data
would advance studies on comparing the predictive power
of different data sources on inferring socioeconomic sta-
tus. Moreover, a limited number of structural features
were considered, where many network ranking indicators
[44] can also be considered. In addition, it would be inter-
esting to apply some variant models to predict and vali-
date regional and temporal change of GDP based on time-
windowed past GDP and network data, and we leave this
for future work when data are available. Keeping these
aforementioned limitations in mind, we hope our work will
spark further studies on economic status inference from
the aspects of both information flow and talent mobility.
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